An area model is presented for agricultural land use, based on a generalized linear mixed model. This model is spatially explicit and dynamic and, although it uses aggregated data, allows for heterogeneity of behavior among individual farmers. The parameters of the fixed component of the model are obtained using an estimation equations approach, and the structure of spatiotemporal correlation is assessed using empirical semivariograms. The model is illustrated using as an example the dynamics of agricultural land use in the Lower Guadalquivir area in Spain. A simulation study indicates that the model gives poor results if the heterogeneity of individual behavior and spatiotemporal autocorrelation are ignored.
Introduction
Many of the greatest environmental problems (such as desertification or loss of biodiversity) are linked closely to land use. Thus, a better knowledge of how land use changes can be useful for the formulation and implementation of environmentally sensitive policies and practices. Since agriculture constitutes one of the largest proportions of land use worldwide, this article focuses on modeling the dynamics of agricultural land use. Models of changes in agricultural land use, together with environmental indicators related to water consumption, soil erosion, the use of herbicides and pesticides, and greenhouse gas emissions, can contribute to the introduction of better policies for promoting sustainable agriculture.
Advances in territorial observation technology (using satellite imagery) and in geographical information systems (GIS) have made area models a powerful and useful tool for investigating changes in land use. Recently, numerous models have been proposed that use data from small territorial units that are collected using a sampling scheme (Miller and Plantinga, 1999; Plantinga, 1996; Wu and Segerson, 1995; Wuetal.,2004) ,orby using satellite images (Miiller and Zuller, 2002; Munroe et al., 2002) . In these cases, changes in land use are explained in terms of the relative economic productivity of the different uses.
As a result of integrating biophysical and socio-economic data at varying spatial resolutions, it is necessary in these models to create territorial microunits that facilitate comparison among the data sets used (Gotway and Young, 2002) . In order to illustrate the model developed in this article, a data set will be used that draws on a sampling scheme proposed by the Joint Research Centre of the European Union (EU) (Gallego et al., 1994) . The territorial microunit, A i7 will be a 10 km by 10 km block. All data will be aggregated to that level. Two factors will be considered as having the most influence on farmer behavior in this model: (i) grant aid from the EU for agricultural production and (ii) the physical condition of the territorial microunit. EU grant aid is officially defined at the municipal level and aggregated to the territorial microunit scale using a weighted average. The weighting coefficient is derived from the area of the municipality within the block. The physical condition of the microunit is evaluated using the smallest homogeneous soil unit registered on soil maps and is aggregated to the level of the territorial microunit as a weighted average. The weighting coefficient is derived from the area of the homogeneous unit within the block.
The values that result from each microunit are represented by an aggregate value from a number (or conglomerate) of different farmers (i.e., all the farmers operating within a microunit). That being so, a fundamental issue arises, namely, whether the relationships between land use and associated explanatory variables estimated using the aggregated data at microunit level are consistent with the actual relationships at the level of the individual farmers. The general conditions for this consistency are established in aggregation theory (Ijiri, 1971) . In studies where this issue has arisen explicitly, it is known as the "aggregation ecological fallacy" (Gotway and Young, 2002) . Unfortunately, in many applications, it is difficult to quantify such general conditions. Another approach to the issue of consistency is to model both, the individual and the aggregated data, in the same way. This is the approach followed in this article.
Most suggested area models are homogeneous in the sense that they assume the existence of a "model farmer" and ignore the heterogeneity of behavior among individual farmers. An economic analysis of the limitations of homogenous models can be found in Stoker (1993) , together with a review of the approaches that take the heterogeneity between individuals of the same conglomerate into consideration at the time that aggregated data are modeled. This article proposes a new method for modeling aggregated data that takes into account the heterogeneity of behavior among farmers.
Patterns of land use emerge from interactions between human activity and the environment. The context in which such interactions take place lies at the boundary between the natural and social sciences. In this complex context, many factors cannot be observed (Veen and Otter, 2001) . However, in the human behavior model, context is a factor of tremendous importance (Luke, 2004) . With this in mind, an approach is suggested herein that accounts for the effect of unobservable contextual factors. The purpose is to explain farmers' decisions about land use in terms of both observable indicators of behavior (explanatory variables) and unobservable contextual factors. The effect of the interactions of the individual farmers with these latter factors is modeled by introducing a latent variable (Skrondal and Rabe-Hesketh, 2004) . Attention is focused on modeling the variability and spatiotemporal autocorrelation of this latent variable. This is a critical factor in dynamic models for distinguishing true intertemporal dependence between the different states of the modeled process from spurious dependence caused by temporal autocorrelation (Hsiao, 2003) .
A common approach to modeling the dynamics of land use at high spatial resolution uses Markov chains within the framework of cellular automatons (Baltzer et al., 1998; Irwin and Geoghegan, 2001; Luijten, 2003) . Alternatively, a maximum entropy scheme can be used (Howit and Reynaud, 2003) . However, this approach is complicated to implement. In this article, the dynamics of land use are modeled using a spatially explicit generalized linear model (GLM) in a generalized estimating equations (GEE) framework. This is simpler than using nonstationary Markov chain analysis. This approach unifies those used in previous studies, because a Markov chain of any order can be specified as a GLM model (Fahrmeir and Kaufmann, 1987) and for well-defined problems maximum entropy is reduced to a logit model of the GLM family (Golan et al., 1996, p. 32; Miller and Plantinga, 1999) .
The predictor of land use will be defined on the basis of the suggested model, along with an estimator of the error of the predictions. Together with the GIS tools, this predictor allows maps for the prediction of land use to be generated with the required spatial resolution. These maps may be useful at a local level for assessing the effect of different policies on the spatial distribution of land use and on natural resources.
The model
Usually, area models select one type of land use from various alternatives. In some previous studies (Alig, 1986; Plantinga et al, 1990; Stavins and Jaffe, 1990; White and Fleming, 1980) only two categories of use were considered K = 2. In those studies, a binomial logit homogeneous model was used to establish a relationship between (i) the probability, put, that the land in the unit of territory A t is assigned to the category of use (k = 1, 2) and (ii) the associated explanatory variables (Lichtenberg, 1989; Parks and Murray, 1994) . In this article, a heterogeneous multinominal model (K > 2) is considered that admits heterogeneity of behavior between individual farmers. The basis for this is an individual model of behavior for farmers. An area model is defined that aggregates this individual model of behavior to the level of territorial microunits.
The same territory B is considered to be partitioned into M farms and N microunits {A/;/ = 1, 2,..., N} so that |J. =1 A t = B where i is a vector of coordinates that locates At within B with respect to a given reference system. This may be denoted as {I t j\ i = 1, 2,..., N\ j = 1, 2,..., M}, which represents all territory units that result from the intersection of both partitions, where I t j is the surface of the jth farm in the ith microunit. Hence, U/Ii ^7 = ^/ where M t is the number of farmers operating in the microunit of territory A/. Fig. 1 illustrates the difference between the farms and the microunits. The surface areas occupied by each category of use within the microunit of territory A{ in the fth time period are found in the vector, ZjiAi) = [Z lt (Ai) (Fj) .
We specify an area model at the micro Z_ t {Ai) and macro levels Z_ t , using data at the level of the microunits of territory, i.e., data on Z t (Ai) (for i = 1,2,..., N and t = 1,2,..., T) and on explanatory variables. The data on land use at the level of the microunits is aggregated in the formZ fa (A,) = Y.fU Zktikj), where Z kt (Iij) is the surface assigned to the Mi category of use by the manager of the j'th farm in the period t. The essential characteristic of our approach is to model the data at the level of the microunits, Z kt (Ai) , using an individual model on the choice of Z kt (kj) on behalf of the manager of the y'th farm.
The subject-specific model
The choice of the individual j'th farmer, Z kt (Iij) , is considered as a realization of a random variable. Its expected value, EZktihj), is specified by means of the GLM EZktihj) = g~l(x T (Iij)B.. ), where g(-) is the link function, x lt (hi) is a (q x 1) vector of explanatory variables, and /3 .. is a (q x 1) vector of parameters that represents the response of the j'th farmer to changes in the explanatory variables.
To allow for individual behavior (heterogeneity among individual farmers as well as interactions of individual farmers with contextual factors), the individual farmer's response is specified as Pf = Pj, + -kijv where B is assumed to be fixed and 8 Jci j t is assumed to be random. Zeger et al. (1988) coined the term "subject-specific effects" for B, which represents the response of an average farmer (i.e., a farmer for whom the realization of the individual parameter vector, 8 ki j t , takes its expected value 0) to changes in the explanatory variables. 5^ = B.. -B represents the concrete deviation of the response of individual farmer j compared to the average farmer's response, in location i and time t (the context).
The important thing here is the model for the conditional expectation of Z kt {Iij), given individual behavior. The random effect due to (unobserved) individual behavior, 5^--,, will be introduced through a latent variable (Robinson, 1991; Stoker, 1993) , hijt = x^t{kj)hiv where hit is a (?* x !) random vector with zero mean and D_ covariance matrix and l fa (/y) is a (q* x 1) known vector of known random effect variables, some or all of which could be equal to the explanatory variables in Xjciilij). The model for this conditional expectation, mjtihijt) = ElZktdij^^dij) ^^,] , is the log-linear mixed model given by Hkijtihijt) = ex P(^( 7 y)^ + hijt), where 
The population-average model
Instead of the conditional mean iikijtihjt), the marginal mean l^kijt = E Skijt Hkijtihijt) = E [Z kt (Iij) ] is modeled directly as follows:
The marginal mean /x ki j t is the average of the response Z kt (kj) of the farmer population. Zeger et al. (1988) call the (q x ^vec-tor p* the population-averaged (PA) effects, as opposed to the subject-specific effects (SS), B . The PA parameters, ft*, rep-
resent the effect of changes in explanatory variables on this population average. Generally, SS parameters, B , and PA parameters, fit, are identical. They differ only in the exceptional case where the explanatory variables in x kt (Iij) can be represented as a square of a random effects variable or a product of two random effects variables in x_ kt {lij).
In the specified SS model, the individual random effect is introduced only through the random intercept, S ki j t ; hence, the SS and PA models are based on the same set of explanatory variables and all the components of ft* are identical to the corresponding component of /3 . The PA intercept is /So = \D\\, where D\\ is the element for the first row of the first column of the matrix D (Gromping, 1996) .
Individual behavior, S ki j t , has to be taken into account, because to ignore the heterogeneity of behavior in models with aggregated data leads to the positing of incorrect relationships between land use and the associated explanatory variables (see Section 5.3). The random variable S ki j t plays two main roles in our approach: one is to induce overdispersion between aggregated data and the other is to model the spatiotemporal autocorrelation among individual behavior caused by contextual factors.
The area model
Usually, individual-specific data {Z kt (Iij), x kt (Iij); j = 1, 2,..., M { ; i = 1, 2,..., JV} are not available. When this is the case, it is only possible to obtain aggregated data at the level of the microunits. The essential characteristic of our approach is to model this aggregated data using an individual model of the choice of Z kt (Iij) on the part of the manager of the y'th farm and allowing heterogeneity of behavior.
The aggregated data
T are modeled as random realizations of a multinomial distribution, MN(Z(A;); p. ), where p. is a (K x 1) vector the generic component of which, p ik , is the probability that a unit of the land of the territorial microunit Ai is assigned the use k = 1, 2,..., K in the period t, and
is the total units of land (the area ofA,-).
In order to simplify the estimation of the model, a multinomial Poisson transformation (Baker, 1994; Chen and Kuo, 2001; Lang, 1996) is used. In this method, the components of
are considered to be independent variables of the Poisson distribution; hence, the distribution of the vector Z_ t (Ai) is MN(Z(A;); p. ), where the generic component of p. is put = ^K"'" , put is the marginal mean of Z k ,(Ai), i.e., put = EZ kt (Ai) = Y.% EZttUij). Hereafter, only (K -1) categories of land use are considered and the surface assignment to the K\h category, which will be called "other" crops and uses, will be defined by subtracting the surface of the modeled (K -1) categories from the total surface of A t . Consequently,
The mean p ki j t is modeled using the PA model, pujt = exp(/3 0 + x T (Iij)P*), and to ensure consistency in aggregation Note that p kit is independent of the PA intercept parameter, /3 0 , and that the probabilities p k u are uniform when none of the explanatory variables are significant (/3* = 0). In prac--k tice, most of the explanatory variables included in x kt (Iij) are proxies for land rents from alternative use (e.g., input and output prices) and relevant policy variables (Miller and Plantinga, 1999) . These variables take the same value at the kj and A { levels. However, there are variables, such as land quality measures, that vary among kj within A,. In this case, the error in measurement due to replacing these variables by their average value at the A, level is compounded with the individual behavior effect, S ki j t . Their effects on the model's result are the same as the effect of ignoring individual behavior altogether (see Section 5.3), where aggregated data are used. Note that in our approach, S ki j t allows us to account for both individual behavior and errors in measuring the explanatory variables. However, in the approach where a random variable, such as S ki j t , is introduced to account solely for errors in measuring the explanatory variables, this variable should be equal to zero when there are no such errors. Then, the individual behavior effects cannot be taken into account. In order to account for the sampling error due to the estimation (aggregation) of the dependent variable, a term of random disturbance, eujt, will be introduced in the working model used to estimate p* (see Sections 3 and 4.4).
Modeling the spatiotemporal correlation structure
The structure of the spatiotemporal autocorrelation is modeled on the assumptions that the aggregated process, {Z kt (Ai); i = 1, 2,...; t = 1, 2,...}, is stationary of the second order and isotropic. The covariance matrix of this process, V_ k = VarZ^,, is modeled on the assumption that its diagonal elements are of the form VZ kt (Ai) = [x kit + 4>ln-l iP where 4>l is a nonnegative parameter. The off-diagonal elements are modeled using a correlogram function, putQii, h t ;6_).
where v(p) = diag( VZfo(A;)) and R(6) is a correlation matrix whose components are putihi, h t ;6). To specify this correlogram function, it will be assumed that the temporal and spatial processes can be separated.
The marginal variance of Z kt (Ai) is VZ kt (Ai) = HjU l^kijt + Vs kijt HjU Khijt), and includes a component, Vh-,jt Ylfii ^(.hijt) , that reflects the heterogeneity of behavior among individual farmers. The area models found in the literature are homogeneous, i.e., they assume that Vs kijt pihijt) = 0, with which part of the variability is ignored. However, there is in fact greater variability (overdispersion) than appears in the aggregated data, because of the fact that when aggregating to the level of territorial microunits, the variation between plots, Iij, within the microunits A i7 is eliminated. Simulation (see Section 5.3) is used to evaluate the consequences of ignoring this overdispersion. Here, the variability of Jlfii l^ihijt) will be modeled on the assumption that its variation coefficient, <p k , is constant so that Vs tijt JlfU pihijt) = 4>llA tk and VZ kt (Ai) = /x te +^/x|-r BourlangeandDoz(1988) showthat this represents a good approximation to a wide set of variance functions. In fact, this is the variance of the negative binomial distribution and can be derived as the variance of a mixed Poisson lognormal model.
Contextual factors shared by farmers who cultivate the land in the same microunit at the same time induce positive autocorrelation (Hart, 1980) between specific individual responses, Cov(p(S ki j t ), p{&kij't)) > 0. This is reflected in a spatiotemporal positive autocorrelation of Zktihj) and, as a result, also of Z kt (Ai) (Fingleton, 1988) . The area models found in the literature ignore the random effect, S ki j t , and, as a result, they ignore this spatiotemporal autocorrelation. Simulation (see Section 5.3) is used to evaluate the consequences of ignoring the spatiotemporal autocorrelation for inference.
Regional model
At the regional level,
T , the surface area occupied by each category of use, Z kt = J2?=i Zkt(Ai), is modeled as a random variable, as is the total of the random variables Z kt (Ai) . The distribution characteristics of Z^ are derived from the distribution of Z kt (Ai) . In particular, the expected value of Z kt is /j, kt = J2?=i Put and the variance of Z kt is V(Z kt ) = JJvVar( 2^)1^ where
and l N is a vector column (JV x 1) of ones. In this article, a working model is specified at the level of the microunits for the structure of the average /x far and the structure of spatiotemporal autocorrelation of the data Pkk(h i7 h t ). The characteristics of the model at the regional level are derived from those of this working model.
Estimation
The marginal distribution of Z kt (Ai) is a mixture of the Poisson distribution and the distribution of & iit . This mixture of distributions is complex and its likelihood is analytically intractable, because it requires the calculation of highdimensional integrals (McCulloch and Searle, 2001, p. 263) . Full maximum likelihood is not suitable for estimating parameters in these mixed distributions. Hence, quasi-likelihood (presented in McCullagh, 1983 and Wedderburn, 1974) and GEE (presented in Godambe and Thompson, 1989) can be used. These approaches do not require knowledge of the mixture distribution. Desmond (1997) shows how these two areas overlap and complement each other. Only the relationship between the mean and covariates and between the mean and variance of the mixing distribution are required. There is an extensive literature on using quasi-likelihood or GEE for modeling discrete (binary and count data) and continuous data in both longitudinal (Liang andZeger, 1986; Prentice, 1988; Zeger, 1988; Zeger and Liang, 1986; Zeger et al., 1988) and spatial (Albert and McShane, 1995; McShane et al., 1997) data sets. In these papers, the major focus of interest relates to regression parameters and the precision of their estimates, but they do not treat the prediction problem; neither a predictor nor a prediction error is given. In this article, a predictor is considered as well as its mean squared error. Details of the parameters estimation procedure, the estimation of the spatiotemporal autocorrelation structure, the predictor, and the mean squared error of the predictor are given in the Appendix.
Application
In order to assess the effectiveness of the proposed approach to modeling land use, data were obtained from an area of the Lower Guadalquivir (Spain). This area, of about 790,000 hectares, is located between UTM coordinates (212; 4,078) and (394; 4,177) in zone 30 (in km). The climate in the area is Mediterranean and the yearly averages for rainfall and temperature are 500-800 mm and 15-19°C, respectively. The main crops in this area are sunflower, soft wheat, and sugar beet. For the purposes of the model, these three crops are studied in separate categories and the remaining crops and land uses are grouped in a fourth category called "other."
Behavior indicators
According to Ricardo's theory on income from land (Hardie and Parks, 1997; Polsky and Earsterling, 2001 ) and Thiinen's on the spatial distribution of crops (Nelson, 2002) , it is assumed that the individual choice of the farmers reflects the highest values of land use and that variations in use reflect changes related to the order of the values of alternative uses.
Central to these theories are local prices for outputs and inputs, because these prices influence farmers' behavior. Unfortunately, we are not able to include these variables because they are not available at the local level (territorial microunits). Instead, EU grant aid (which is officially defined at local level), together with physical medium conditions (evaluated at the territorial microunits level) has been included as behavioral indicators. The value of agricultural land depends, to a large extent, on the conditions of the physical medium (soil and climate). In this article, the conditions of the physical medium in the territorial microunits are evaluated using an agrometeorological model and used as variables that affect farmers' behavior. Agrometeorogical models have been widely used for optimizing crop handling systems (Boote et al., 1996; Whisler et al., 1986) and, in the last few years, their use for evaluating the effects of climatic change on agriculture has emerged as a recognizable field of research (Adams et al., 1990 (Adams et al., ,1995 Pickering et al., 1995) . We use the agrometeorogical model Crop Growth Monitoring System (CGMS) (van Raaij and van der Wal, 1994) .
In CGMS, the conditions of the physical environment are evaluated using three sources: soil map data, data from meteorological stations, and a model of the vegetative development for each crop. CGMS has been calibrated in our work area and the following indicators of the quality of the physical medium have been obtained for each territorial microunit: (i) the weighted biomass and the weighted dry matter in storage organs, (ii) leaf area index, (iii) development stage, and (iv) water consumption and requirement. The dry matter in the storage organs shows the greatest linear correlation with the yield of the three crops that were considered. Hence, it is used here as an indicator of quality of the physical medium for sunflower (SF_CGMS), soft wheat (SW_CGMS), and sugar beet (SB_CGMS). For behavior indicators, we use EU direct grant aid (€/ha) for sunflower (SF_AID) and soft wheat (SW_AID), as defined in the Mac Sharry reform of the Common Agricultural Policy.
In order to evaluate the dynamics of land use, (land) uses of the year t -1 are included as explanatory variables of the uses of year t. The crop area for one crop in year r -1 is included as an explanatory variable for the area of this and the other crops in the year t. More precisely, the sunflower crop area in year r -1 is included as an explanatory variable of the area of this crop (SF_1_SF) and of the area of soft wheat (SW_1_SF) and sugar beet (SB_1_SF), in year t. In the same way, the following variables are included: (SW_1_SW), (SF_1_SW), and (SB_1_SW), for soft wheat; (SB_1_SB), (SF_1_SB), and (SW_1_SB)) for sugar beet; and (SF_l_OT), (SW_l_OT), and (SB_l_OT) for crops in the category "other."
The data
Land use data were obtained using a spatial sampling scheme proposed by the EU Joint Research Centre (Gallego et al., 1994) . In order to carry out the sampling, topographical maps were used. The sampling unit was the UTM 1 km by 1 km grid (in Spain this is conventionally reduced to 700 m by 700 m). These sampling units were grouped into blocks of 10 km by 10 km (N = 127). A systematic sample of three sample units per block was selected (Ambrosio et al., 2003) , so that the sample size was 381 sampling units (127 x 3). In each one of the selected sampling units, data on land use were observed during the T = 8 years from 1995 to 2002 [ESYRCE (1995 -2002 ]. A total of 3,048 observations were therefore used (381 x 8) to fit the model. In the data set for each panel, land use varies among sampling units and from year to year within the same sampling unit. Only data for sunflower, soft wheat, and sugar beet are considered: the average per sampling unit is 8.72 hectares for sunflower, 0.85 hectares for soft wheat, and 0.78 hectares for sugar beet.
In order to explain the variability in land use, data on EU grant aid and on physical conditions are used. EU grant aid for sunflower and soft wheat (there is no grant aid for sugar beet) is defined for each crop at the municipality level, as a function of crop yield. In 1995, this ranged from 259 to 532 €/ha for sunflower and from 103 to 212 €/ha for soft wheat. In 2002, it ranged from 130 to 268 €/ha for sunflower and from 113 to 233 €/ha for soft wheat.
Physical conditions were assessed by evaluating the dry matter in the storage organs of each crop, using the agrometeorological CGMS model. The dry matter in the storage organs for sunflower (SF_CGMS), soft wheat (SW_CGMS), and sugar beet (SB_CGMS) were evaluated within each sampling unit, in each one of the smallest cartographable units registered on the land maps. SF_CGMS ranges among cartographable units and years from 1,850 to 6,467 kg/ha, SW_CGMS from 4,963 to 15,593 kg/ha, and SB_CGMS from 9,752 to 24,126 kg/ha.
Data aggregation
The 10 km by 10 km block was used as the territorial microunit, A i7 and all data were aggregated to this level. The area of each category of use was estimated in each microunit using the sample average of the values observed in the three sampling units. EU grant aid was aggregated at the level of each territorial microunit as a weighted average, using the municipal area within the block as a weighting coefficient. The CGMS results have the smallest cartographable unit registered on the land maps. These were aggregated to the level of the territorial microunits as a weighted average using the area of the cartographable unit within the block as a weighting coefficient.
Working model
The working model consisted of specifying at the level of the territorial microunits: (i) the structure of the mean, /x kit , and (ii) the structure of the spatiotemporal autocorrelation, V^: (A£,)]- Lee and Zhao (1997) show that the link function, g(-), does not affect the results. The option used here is that most commonly used: the logarithmic, log (•).
Data related to land use were estimated using as estimator the sample average, Z ks . t , so that Z kit = Z kt {Ai) + e kit , where e k it is the sampling error, of zero mean and variance er e 2 fa ( . In the model, the error was taken into account in the data through S e = diag{er, 2 fa( }. In the cases where Z kt (Ai) was observed without error, S e = 0.
The structure of spatiotemporal autocorrelation was introduced in the model through the matrix R(6_ k ), whose [NT x NT] elements were calculated on the basis of the correlogram function, p k i t (hi, h t ; 6^) , where 6^ was the vector of the parameters used to specify that structure.
The estimator B of B = [B 0 B • • • B • • • B ,]
r is con-
sistent if the mean structure, /x far , and the variance function, v(ix kit ), are specified correctly, although the function of autocorrelation, p k i t (hi, h t ), used for the estimation is only approximate Zeger and Liang, 1986) . This is important because pidtihi, h t ) changes with the size and the form of the microunits (Gotway and Young, 2002) , and the estimator of /3 is consistent regardless of that size and form. In dynamic models, the conditions at the start must be specified. In this study, the starting conditions were those observed in the first years observed in the sample (Hsiao, 2003) .
Results
Fig . 2 shows the empirical semivariogram of data residues of land use, after discounting the effect of the explanatory variables. As we can see, the variability of those residues grows (or diminishes) to the same extent as the spatiotemporal distance between observations. This tendency is attributable to the unobserved contextual factors that place the farmers in the same spatiotemporal context (they cultivate plots close to each other at the same time), exhibiting similar (though heterogeneous) behavior and, therefore, little variability is observed in their decisions. The difference in behavior and therefore the variability of decisions increases as the spatiotemporal distance increases.
Estimations of the coefficients and of the power stretch
The estimations of the coefficients /3 are shown in Table 1 , including the standard errors in brackets. The significance level that corresponds to the asymptotic f-ratio is marked with an asterisk. Elasticity estimations of each category of use are also included with regard to a sample average of the behavior indicators: mean elasticity was calculated as the product of the estimated value for the coefficient and the mean of the relevant explanatory value.
The local physical environment significantly influences the farmers' decisions about land use: the indicator sign of these conditions is positive for sugar beet (SB_CGMS) and negative for sunflower (SFCGMS) and soft wheat (SW_CGMS). Consequently, the land area assigned to sugar beet increases as the conditions of the physical medium improve, to the detriment of soft wheat and sunflower crops. Sugar beet appears to be more elastic to changes in the conditions of the physical medium (0.74) than soft wheat (-0.025) and sunflower (-0.02).
EU grant aid for sunflower crops (SF_AID) and soft wheat (SW_AID) significantly influence farmers' decisions about land use. The area dedicated to either of these two crops is elastic with regard to this factor. The elasticity is positive and greater for soft wheat (2.18) than for sunflower (1.61).
Decisions taken in the past about land use have a noticeable effect on the present and future behavior of the farmers. This is shown by crop rotation. Sugar beet is the only one of the three crops considered whose area shows a positive association with itself from one year to the next: the coefficient sign of the variable SB_1_SB is positive, so that an increase (a decrease) of sugar beet surface in the year (t -1) tends to remain in the year t, although at a low rate (elasticity of 0.02). However, the sunflower (SF_1_SF) and soft wheat (SW_1_SW) areas show negative elasticities with regard to the areas of the previous year: an increase (a decrease) of the sunflower area in the year (t -1) tends to make the sunflower area decrease (increase) in the year t and the same applies to soft wheat. The elasticity is higher in sunflower (-0.30) than in soft wheat (-0.12).
The elasticity of an area occupied by one crop compared with another from one year to the next is negative. For example, the elasticity of the sunflower area in the year t compared to the changes of the soft wheat surface in the year (t -1) (SF_1_SW) is negative (-0.08), so that an increase (decrease) of the soft wheat area in the year (t -1) tends to result in a decrease (increase) in the sunflower area in the year t. The relation between the system formed by the three crops considered (sunflower, soft wheat, and sugar beet) and the remaining crops and categories of land use is established through the category "others." The elasticity of an area occupied by each of the three crops considered with regard to the area occupied by "others" is negative. An increase (decrease) of the surface of "others" in the year t -1 tends to result in a decrease (increase) in the surface of each of the three crops considered in the year t. Yet again, the soft wheat surface is more elastic (-5.53 ) than that of sugar beet (-3.95 ) and sunflower (-2.37).
Forecasts at the level of territorial microunits
To forecast the land use in each microunit, using (A.6) (see Appendix), we predicted both the choice of the average farmer and the outcome of the interactions of individual farmers with contextual factors. This outcome was estimated as a weighted average of the residues observed in neighbouring microunits. The weight of a microunit in the forecast of that outcome is proportional to the value of the variogram function, so that it increases (decreases) when the spatiotemporal distance between them decreases (increases). This is an exact predictor in the sense that the values observed in the sample are forecast without error, and an optimum predictor in the sense that the values not observed are forecast with minimum error.
A scenario was considered in which EU grant aid for crops was removed entirely and the forecasts of the areas of each of the crops considered were obtained on the assumption that the conditions of the physical medium were the same as those observed in the sample. The impact on the average area per microunit is shown in Figs. 3 and 4 : the sunflower and soft wheat areas would decrease, while those of the sugar beet and of "other" crops and land uses would increase. As shown in Fig. 3 , the interannual variability of the forecasts (which is attributable to the variability in the climatic conditions and unobservable contextual factors) is adjusted to that which is effectively observed. This is so except in the case of sugar beet, whose interannual variability increases in the conditions of the scenario due to the high elasticity compared with the area of "other" crops and land uses, with which it competes for the land free from sunflower and soft wheat.
The spatial distribution of the impact is shown in the map of Fig. 4 , which was built on the basis of the crop area forecasts considered in each microunit and under different scenarios. It can be observed that the area free from sunflower and soft wheat is partly taken over by sugar beet and partly by "other" crops and land uses.
Effect of ignoring the heterogeneity of individual behavior and the spatiotemporal autocorrelation: simulations
In order to evaluate the proposed model, the results were compared with the homogenous and independent model that resulted from ignoring overdispersion and autocorrelation, while maintaining the same specification of the mean structure. The estimator of the parameters was consistent in both cases, which is why the comparison is limited to the variance of the estimator of the parameters and that of the predictor. A hundred panel samples of the same size as that observed (N = 127 territorial microunits repeated over a period of T = 8 years) were simulated on the basis of the fitted working model (i.e., using the coefficient of Table 1 and the semivariograms of Fig. 2 ).
Both models were fitted to each of the hundred samples and the deviation of the variance of the estimator was evaluated with regard to that of the "true" generator model of the samples. VarQS ) was calculated using (A. I Ef=i (^ -P)(Pj ~ PfThe bias of the estimator of the forecast error was B (V k (Z kt 
and V k (Z kt (Ai) ~ Zkt(Ai)) was calculated using (A.7) (see Appendix) and the true values of the parameters. The effect of ignoring the overdispersion and the spatiotemporal autocorrelation was evaluated by comparing the bias when the overdispersion and the spatiotemporal autocorrelation were taken into account and when they were ignored assuming Vs itk /^OW) = 0 and Pkit(hu h t \ 0*) = 0, that is R(^k) = / for k = 1, 2,..., K.
It was found that both models underestimated the standard error of the estimator of the parameters and that the degree of underestimation was noticeably higher in the homogenous and independent model: on average, 38.5% and 11.3%, respectively.
(These results are consistent with those registered by other studies using the same methodology, although only with temporal data [Zeger, 1988] or only with spatial data [McShane et al., 1997] ). Consequently, both the amplitude of the reliability intervals, and the error (of the first species) of the significance test were underestimated. The power of the test for the hypothesis that a certain coefficient is nil and the alternative that this coefficient is equal to the value of Table 1 was calculated. That power was, on average, 68.9% with the proposed model and fell to 38.8% with the homogenous and independent model. This suggests a substantial fall in the capacity of this latter model to detect significant indicators of the farmers' behavior: the probability that an effectively significant coefficient will be detected is reduced to half with the homogenous and independent models. In the case of coefficients associated with the dynamic component of the model, those probabilities are reduced still further, so that the probability of detecting true state dependence with the homogenous and independent model is very low (average power 16.6%).
It was found that both models underestimate the forecast error and that the degree of underestimation is remarkably higher with the homogeneous and independent model. With the proposed model, in half the simulated samples the underestimation increases from 4.7 to 24.9%, while with the homogenous and independent model it increases from 23.7 to 47.3%. The underestimation was less than 25% in three out of every four samples simulated with the proposed model, while with the homogenous and independent model the underestimation was less than 25% in only one out of every four samples. Consequently, with the homogenous and independent model, the amplitude of the reliability intervals of the forecasts is underestimated and the underestimation increases remarkably.
Discussion
A dynamic area model was proposed for analyzing changes of agricultural land use that takes into account the heterogeneity of behavior of individual farmers. When area mean data are used, that heterogeneity is not observed and its effects must be modeled. An approach based on latent variables was proposed to model those effects. In practice, the statistical distribution of those latent variables is unknown. A clear advantage of the suggested approach is that it is not necessary to know this distribution: it is enough to model the structure of the mean and spatiotemporal autocorrelation. In the dynamic models, the initial conditions must be specified. In this research, those conditions were taken to be those observed in the first year of the sample, as if the process of changing land use began at that moment. This is a weakness of the proposed model and further research will be required to improve this feature.
The model was applied to an area of the Lower Guadalquivir (Spain). An agrometeorological model was used to evaluate the conditions of the physical medium (soil and climate). It was found that the influence of these conditions on the decisions of farmers at the time of choosing their alternative crop is statistically significant. At the same time, it was found that past experience has a genuine effect on the present and future behavior of the farmer with respect to land use. Consequently, static models of land use can encounter problems that are caused by the omission of relevant variables. EU grant aid for the cultivation of sunflowers and wheat also has a statistically significant influence on the choice of crop alternative for the farmers concerned.
Our approach to analyzing changes of land use can contribute to the improvement of the analysis of agricultural policies and the evaluation of their impact in three principal ways. One, the model integrates individual farmer behavior. Two, the dynamic nature of the model allows the temporal distribution of the impact of the policy measures to be monitored. Three, the model is spatially explicit and it allows the forecasting of future changes of land use and the evaluation of environmental effects on natural resources associated with these changes with the required spatial resolution.
Together with GIS tools, the proposed model enables the generation of impact maps of policies on land use. Together with environmental indicators, it enables the assessment of the environmental impacts of agricultural policy, with the required spatial resolution. Thus, it can also contribute to the promotion of agricultural policy in a more precise way. However, the model proposed requires a greater amount of data to be processed in order to take overdispersion and spatiotemporal autocorrelation into account. Nevertheless, the additional effort involved in this increase in data processing appears to be worthwhile. This is because of the fact that underestimation of errors in the model parameters' estimator and the predictor is substantially reduced. Consequently, the reliability intervals and the tests of significance are more adjusted to reality than those obtained on the basis of models in which the overdispersion is ignored and independence is assumed.
